The present study was aimed to investigate the potential of multispectral images coupled with chemometric tools (PLSDA and PLS-R) for: (1.) discriminating different French blue veined cheeses belonging to four brand products (Fourme d'Ambert, Fourme de Montbrison, Bleu d'Auvergne, and Bleu des Causses) and (2.) predicting some of physicochemical (pH, ash, dry matter, total nitrogen, water soluble nitrogen, Ca 2+ , Na + , Cl − , and P) and rheological properties (softening and dropping points). The results obtained showed that multispectral imaging system applied to anisotropic blue cheeses succeeded to: (1.) discriminate cheeses based on their blue veins features in spite of the visual similarity of their structure and appearance with percentage of correct classification varying between 30 and 100%; and (2.) predict selected parameters (i.e., Ca 2+ , Cl − , WSN, dropping, and softening points) since R 2 cv ≥ 0.62 and RPD ≥ 1.62 were obtained. Moreover, the predictive results suggested that the image texture of cheese was strongly related to its physicochemical composition and rheological characteristics (softening and dropping points).
INTRODUCTION
Currently, cheese represents a large part of the total consumption of dairy products all around the world (www.cniel.com/scripts/public/stat.asp) due to its nutritional composition, in particular, nutrients (e.g., fat, proteins), minerals (e.g., calcium, phosphorus, and zinc), and vitamins (e.g., vitamin A). The global production of cheeses is continuously growing since it passed from 5 billion tones in 1961 to 19 billion tones in 2009 (http://faostat.fao.org); facing to this fact the food companies require 214 JACQUOT ET AL. novel, rapid, and non-destructive analytical techniques to evaluate both quality (e.g., composition, flavor, aroma, texture, color) and safety during handling, preparation, and storage. In addition, food companies are also required to prove the authenticity of the products labeled as authentic. The rights of consumers and genuine food processors, in terms of food adulteration and fraudulent as well as deceptive practices in food processing, are set out in the European Union regulation regarding food safety and traceability (European Commission 2002) . The Product Denomination of Origin (PDO) is a guarantee for consumers of the uniqueness of several food products, particularly cheeses, and could be considered as an effective marketing tool for the producers. [1] Regulatory agencies are concerned with the prevention of economic fraud, while the food processor needs relevant information to maintain the quality level of a brand in order to protect it. In both those situations, the image of a branded food product could be severely damaged. Today, it is admitted that spectroscopic methods like near-infrared (NIR), mid-infrared (MIR), and fluorescence among others could be used to answer to the consumers, food quality managers, and regulatory authorities' expectations. For example, NIR and MIR spectroscopies have been used to predict some physico-chemical, sensory or functional properties of cheeses (e.g., control of coagulation and syneresis). [1, 2] Regarding fluorescence spectroscopy, it has been widely utilized as a: (1.) technique allowing the determination of the structure evolution during the coagulation of milk; (2.) tool for the authentication of cows and sheep milks according to their geographical origin and feed, respectively, different varieties of soft cheeses, as well as yogurt. This technique has also demonstrated its ability to determine the melting points of fat and cheese as well as some chemical parameters (e.g., moisture, fat, total nitrogen [TN], water-soluble nitrogen [WSN], pH) of: (1.) Emmental cheeses produced during summer and autumn periods; (2.) different varieties of soft cheeses at both the external and central zones. [3] Considering that blue cheese is a complex and anisotropic matrix due to the use of Penicillium roquefortii, huge difference in the physicochemical properties have been observed. These results suggest that the use of the above-mentioned techniques, allowing the acquisition of spectra on a small part of the sample, is a little bit restricting and could limit the ability of classical spectroscopy to authenticate cheeses and to predict efficiently some of their physicochemical parameters. Presently, multispectral and hyperspectral image analyses are becoming more attractive tools in research activities and for on-line monitoring of food processing; [4] due to their ability to perform fast and non-invasive low-cost analysis on products and processes. The advantage of image analysis compared to the classical spectroscopy is that there is access both to spectral and spatial information. The data collected can be presented as a three-dimensional data cube, or images formed by adding two-dimensional spatial information to the one-dimensional spectral information at each pixel. Therefore, multispectral imaging dramatically increases the amount of useable information content.
Imaging technology and image analysis have successfully been used to study muscles and have been proposed as an effective on-line technique for monitoring the quality of beef and pork. As far as is known by the authors, only one study has been conducted on blue cheeses (Bleu d'Auvergne [BA], n = 12 and Fourme d'Ambert [FA], n = 23) by multispectral image analysis. [4] One of the main conclusions of this study was that multispectral imagery combined with chemometrics could offer a rapid and relatively inexpensive method for monitoring cheese quality and identity.
The present study was aimed at investigating at the one hand the potential of multispectral imaging coupled with multivariate statistical analyses to authenticate blue cheeses belonging to four brand products (FA, Fourme de Montbrison [FM] , Bleu des Causses [BC], and BA). The authentication was investigated by considering different models. The first one was conducted in order to discriminate the four cheese classes (FA: n = 8; FM: n = 4, BC: n = 2, and BA: n = 3) and the second one was aimed at discriminating two cheese classes (Fourme: n = 12 and Blue: n = 5). On the other hand, the potential of multispectral imaging was evaluated for the prediction of 215 selected physicochemical parameters (pH, dry matter [DM], fat, TN, WSN, ash, calcium, sodium, and phosphorus) of the investigated cheeses by using partial least square regression (PLS-R).
MATERIAL AND METHODS

French Blue Cheeses
In order to receive varied cheese diversity in texture image and physicochemical composition, 17 French blue veined cheeses produced from raw, thermised, and pasteurized milk were studied; they belonged to four denominations: FA: 8; FM: 4; BC: 2; and BA: 3 and were obtained from different companies and supermarkets located in the Auvergne region. The FA cheeses investigated presented different ripening times (30 and 45 days), while the ripening times of the other blue cheeses were unknown. Upon arrival to the laboratory, each blue veined cheese was frozen rapidly to -20 • C until analysis.
Physicochemical Analysis
The physicochemical analysis performed on cheese samples were DM, fat, TN and WSN contents using standards NF EN ISO 5534, NF V04-287 and NF EN ISO 8968-1, respectively (AFNOR, 2002). The ash content was determined by using a dry ash method (NF ISO 8070). Total calcium and sodium were measured by using an atomic absorption spectroscopy procedure (NF ISO 8070), while total phosphorus was determined colorimetrically (AOAC, 1995). The chloride content was determined by potentiometric titration method based on the NF EN ISO 5943. The pH was measured by a pH meter (Schott, CG840, Paris, France) after grating 10 g of cheese and dispersing it in 50 mL of deionized water. Each analysis was performed in triplicate.
Cheese Dropping and Softening Points
Softening and dropping points were measured in triplicate by the automatic FP 83 HT thermosystem associated with FP90 system (Mettler Toledo, Inc, France) which was operated at 30-100 • C in 2 • C/min. The dropping point [DP] corresponds to the temperature at which the first drop of melted sample falls off a sample cup with an orifice diameter of 2.8 mm. The softening point [SP] of cheese was defined as the temperature at which the first drop started to flow out of a sample cup with an orifice diameter of 6.35 mm.
Image Acquisition with a Multispectral Image Analyzer
The blue cheese images were acquired by using a VideometerLab2 ® device (Videometer A/S, Danemark, www.videometer.com) equipped with a multi-spectral camera (Point Gray Research, Scorpion SCOR-20SOM, 1200 × 1200 pixels) for laboratory analysis that is able to measure light intensity of an object in wavelengths spanning from the Near-UV (405 nm) to the NIR spectrum (1050 nm). The camera calibration was conducted by using 3 plates: a white one for reflectance correction, a dark one for background correction, and a dotted one for the pixel position calibration.
The VideometerLab2 ® device is equipped with 19 emitting LED (Table 1) . To ensure a total diffuse illumination of the object without shading and reflection, the camera is equipped with an Ulbricht sphere. The Ulbricht sphere is a hollow sphere, internally painted with a diffuse reflecting paint, and an opening in the top and underside of the sphere. The top hole is used for placing the camera, whereas the bottom hole is used to place the object for image acquisition. For each blue cheese and before image acquisition, the sample was cut gently into a 6 × 5 × 1.5 cm 3 cube and 
Image Texture Extraction by Analysis of the Co-Occurrence Matrix
When a non-random spatial distribution (or more than one texture in an image) has to be characterized, second order statistics are more suitable. Second-order statistics are defined as the likelihood of observing a pair of gray values occurring at the endpoints of a dipole (or needle) of random length placed in the image at a random location and orientation. These are properties of pairs of pixel values. Spatial gray level co-occurrence estimates image properties related to second-order statistics. Haralick et al. [5] suggested the use of gray level co-occurrence matrices (GLCM) which have become one of the most well-known and widely used texture features. [6] GLCM matrix is a common statistical texture analysis method in which texture features are extracted by means of statistical approaches from co-occurrence matrix. Before calculating the GLCM, a region-of-interest (ROI) of a size of 700 × 575 pixels at the center of the image was selected. Manual interaction was required to select the best ROI of each image. Four symmetric GLCM calculated on the ROI with a distance value of 1 and angles of 0, 45, 90, and 135 • were investigated for extracting image textural features. In order to obtain the maximum textural information of the image, 29 textural features were extracted from the GLCM: [5, 6] (1) Maximum probability, (2) Energy, 
Image Segmentation Analysis
The blue vein features of the cheeses were investigated by applying the Image Toolbox ® in MATLAB ® . The Toolbox function was applied to the ROI and permits to extract from each wavelength image the average of ten blue veins morphological features, (1) surface, (2) surface standard deviation, (3) length, (4) length standard deviation, (5) width, (6) width standard deviation, (7) perimeter, (8) perimeter standard deviation, (9) solidity, and (10) solidity standard deviation. The average value of each blue vein feature was then used in developing a discriminant model to classify cheeses into four (FA, FM, BA, and BC) or two classes (Fourme and Blue cheeses).
Partial Least Squares Discriminante Analysis and Partial Least Squares Regression
Partial-least squares discriminante analysis (PLSDA) with leave-one-out cross-validation were performed on auto-scaled data in MATLAB (The Mathworks Inc., Natic, MA, USA) using the PLStoolbox 6.7.1. The aim of this technique is to predict the membership of an individual to a qualitative group defined as a preliminary. The PLSDA assesses new synthetic variables called loading factors, which are linear combinations of the variables and allows a better separation of the centre of gravity of the considered groups. The method allows the individual samples to be reallocated within the various groups. Comparison of the predicted groups to the real group is an indicator of the quality of the discrimination and it is valued as the percentage of correct classifications.
In the second step, PLS-R was used in order to predict selected physicochemical (pH, DM, fat, TN, WSN, ash, calcium, sodium, and phosphorus) and textural (SP and DP) parameters of cheeses from the 29 co-occurrence features calculated from the co-occurrence matrices on the multispectral images. Due to the small number of observations, the regression models were validated by leaveone-out cross-validation method. The performance of the PLS-R models was evaluated by analyzing the R 2 cv (root-mean-square error of cross-validation), the RPD (ratio of performance to deviation i.e. ratio of standard deviation to root-mean-square error of cross-validation), and the RMSECV (root-mean-square error of cross-validation) factors.
RESULTS AND DISCUSSION
Physicochemical Characterization of Blue-Veined Cheeses Table 2 shows the minimum, maximum, mean, and standard deviations of physicochemical and textural parameters of the investigated cheeses obtained by reference methods. These results are in agreement with previous findings on blue cheeses. [7] In order to identify the difference between physicochemical and textural characteristics of the blue-veined cheeses, an ANOVA test (α = 5%) was applied to the different data sets. Considering pH values, no significant difference was noted between on the one hand Fourme cheeses (FM and FA); and on the other hand Blue cheeses (BA and BC). Blue cheeses presented slightly higher pH values compared to Fourme cheeses suggesting differences in their proteolysis levels, [8] in agreement with previous findings who pointed out that Blue cheeses presented higher ripening index (WSN/TN) ratio than Fourme ones. [9] Concerning the WSN, three groups with significant differences were identified. The first one including BA-BC cheeses that presented the highest WSN content. The second one counting the FA cheeses presented intermediate WSN content and the third one the FM cheeses with the lowest WSN content. Those differences in WSN concentrations could be ascribed to the ripening stage because the WSN concentration generally increases with respect to the proteolytic activity of the cheese microflora and to the rennet proteases. Indeed, for example the FA cheeses presented a ripening time of 30-45 days while the ripening time usually performed for BC cheese is 70 days. Considering the TN, the FM cheeses presented significant higher content compared to the other cheeses. Contrary to the study performed by Abbas et al. [7] who noted a difference between the BC cheeses and the other three cheeses brands. Likewise, no significant difference of DM level was observed between the different blue cheeses in the present study, probably due to the lowest diversity of blue cheeses analyzed.
Based on the fat content, FA cheeses presented the lowest fat content compared to the FM, BA, and BC cheeses probably due to the raw milk quality and cheese making process (e.g., renneting, ripening stage).
Ash and Cl − contents presented significant difference between FM and the other ones since the highest amount were obtained for the former presenting the highest level which is in agreement with González-Martín et al. [10, 11] The average concentration of phosphorus for the four cheeses brands are in agreement with those found in other cheese brands. [10−12] The Ca/P ratio for FA, FM, BA, BC were of 1.32, 1.47, 1.24, and 1.19, respectively, close to the standard ratio (1.2) [13] observed for cow [14] and goat [15] cheeses. Nonetheless, those ratios were lower than those reported by González-Martín et al. [10] The content of Na + was more abundant for FA, BA, and BC cheeses compared to the FM cheese due probably to the high concentration of NaCl used during the salting process and to the period of ripening as previously demonstrated by Gambelli et al. [16] on Italian cheeses. Nonetheless, this difference can also be assigned to salting process. Indeed, the FM cheese undergoes a salting in the mass of the curd while the other cheeses are salted with dry salt on the surface or brine. The average Na + values were in the range of those reported for cheeses produced from bovine, ovine, and caprine raw milks. [10, 11, 16] Considering the SP and DP, the Fourme cheeses presented higher values than the Blue cheeses in accordance with the measurement of the viscoelastic properties (elastic and viscous modulus) of cheeses (samples of 2 mm width and 2 cm diameter) from 20 to 80 • C at a stress of 0.5 N and a frequency of 1 Hz (results not shown). The viscoelastic results showed that whatever the temperature, the FA cheeses exhibited the highest values of G' and G'', followed by the FM, then the BA and finally the BC cheeses. These differences in the SP and DP may be explained by the characteristic of the protein network and the gross composition of the cheeses (Table 2) . Indeed, it was reported that the factors such pH, salt concentration, moisture, and protein breakdown markedly affect the viscoelastic properties of cheeses. [17, 18] For example, the BC cheeses show the lowest SP and DP values due to their high: pH value, fat, water, and WSN/TN contents. But, when dealing with commercial samples, it is not possible to know what processing parameters were used to produce the different blue cheeses.
Finally, PLSDA ( Fig. 1 and Table 3 ) was applied to the auto-scaled physicochemical and textural parameters of the different cheese classes. The similarity map (Fig. 1) showed that the four classes of cheeses could be identified. The similarity map indicated also a clear discrimination between Fourme cheeses and Blue ones probably due to the difference in the cheese making procedure. The crossvalidation results of the PLSDA are presented in Table 3 . By using leave-one-out cross-validation, the results showed that six PLSDA factors gave 75, 100, 100, and 100% of correct classification for the BA, BC, FA, and FM, respectively. The Fourme cheeses (FA and FM) presented a better correct classification percentage than the Blue cheeses (BA and BC).
Authentication of Cheese Brand from Blue Veins Morphological Features
It was intended to analyze whether the blue veins morphological features could be a reliable indicator to distinguish between the blue cheeses according to the cheese brands. The ten blue veins features of cheese were calculated on the image obtained with the first led (405 nm) due to the high contrast observed between the blue veins and the white part of cheese (Fig. 2) . The analyses of the blue veins with the other excitation LEDs do not permit higher discrimination between blue cheeses (results not shown). Two models were considered; the aim of the first one was to discriminate between the Fourme (FA + FM) and the Blue (BA + BC) cheeses ( Fig. 3) , while the second one had for objective to distinguish the four brands FA, FM, BA, and BC cheeses ( Fig. 4) . Considering the first model, the PLSDA took into account three loading vectors with leave-oneout cross validation for the best discrimination between the two cheeses classes (Blue and Fourme). Cheese samples were classified according to the group for which they had the best match. This can be expressed in terms of the percentage of correct classification (Table 4 ). A high percentage of classification was obtained for Fourme cheeses (92%) and Blue cheeses (80%). Figure 3 presented the scores plots of the PLSDA classification model. The LV 1 of the similarity map allowed to distinguish between the two cheese classes. On LV 1 , BA-BC cheeses presented negative scores while almost FA-FM cheeses presented positive scores (Fig. 3) .
The PLSDA results demonstrated that blue veins features calculated are appropriate indicators to differentiate Blue cheeses from Fourme cheeses. The difference between the Fourme and the Blue cheeses can be assigned at the one hand to the difference in the size (width, surface, and length) of the blue veins and at the other hand to their surface irregularity (solidity factor). Indeed, higher values for width, surface, and length factors were observed for the Blue cheeses based on the LV1 axes of the similarity and correlation maps (Fig. 3) . While, higher value of the mean solidity factor was noted for the Fourme cheeses based on the same LV1 axis (Fig. 3 ). It should be kept in mind that the solidity factor is describing the proportion of the pixels in the convex hull that are also in the blue vein (solidity = Area/ConvexArea). This implies that Fourme cheeses presented more circular blue veins compared to the Blue ones. This result is supported by the observation of the Fig. 2 .
Considering the second model, the highest discrimination between each cheese brand (FA, FM, BA, BC) was obtained with five loading vector, after leave-one-out cross-validation, a higher number compared to the first model. The percentage of the samples assigned to the correct class was presented in Table 5 . The best performance was obtained for the FA and FM cheeses (75%), and the BC and BA cheeses were predicted with lower accuracy, 50 and 33%, respectively. The PLSDA results demonstrated that blue veins features are less appropriate for the differentiation between the four cheese brands, BC, BA, FA, and FM. Figure 4a showed a score plot of the PLSDA classification of the four cheeses brands. Based on the score plots, LV 1 permits to discriminate almost the four cheese brands. On LV 1 , BA and BC cheeses presented negative scores while nearly all the FA and FC cheeses presented positive scores. As reported above, the difference between the FM, FA, BA and BC cheeses can also be assigned to the difference in the size factors (width, surface, and length) and the mean value of the solidity factor. Based on LV1 of the similarity map in Fig. 4b , it is assumed that the size and surface irregularity of the blue veins increases from the FM to the BC cheeses. This can also be observed in Fig. 2 .
Correct classification of the FA blue cheeses indicated the greater difference in their blue veins patterns, which could be the effect of production conditions, i.e., the contribution of native microflora from the local milk and environment to the cheese ripening, differing from one producer to another. [4] Those results are consistent with PLSDA results obtained from physicochemical and textural analysis (Fig. 1) .
Prediction of Physicochemical and Textural Parameters from Co-Occurrence Features
The co-occurrence image features were used to predict selected physicochemical parameters in order to get a better insight into the relationships between the characteristics of image texture and physico-chemical composition of the investigated cheeses. Table 6 showed the best predictive models for the different parameters taking into account the excitation wavelength, the angle parameter (0, 45, 90, and 135 • ) for the calculation of the co-occurrence matrix, the R 2 , the RMSE, and the RPD for calibration and cross-validation sets. No significant differences between models were obtained with the angle parameter used for the co-occurrence matrix calculation (results not shown). The best predictive models were obtained for the DP (R 2 cv = 0.81 and RPD = 2.26) and SP (R 2 cv = 0.79 and RPD = 2.18). Those models could be used for rapid and approximate quantitative predictions [19] of cheese behavior at high temperature. This is an interesting result since cheese meltability parameters are important indicators for end use quality of cheese when used as an ingredient in ready-to-eat foods that are prepared at high temperature (e.g., pizza). Indeed, in many application cheeses are needed to have a specific thermal behavior (e.g., soften but not to melt and flow). Moreover, this method could be an alternative for conventional meltability tests that are mainly based on controlled heating of cylindrical samples and measurement flow or changes in height diameter. In the light of those results, it would be interesting to evaluate the link between the meltability determined by descriptive sensory analysis and the multispectral image features. The best predictive models for the SP and DP were obtained at 1050 nm. This excitation band is close to the bands previously assigned to fat and proteins. Osborne and Fearn [20] and Workman [21] assigned the band at 1040 nm to a 2 C-H stretching + 2 C-H deformation of fat. While, Sasic and Ozaki [22] assigned the 1042 nm band to fat and water interactions. Finally, the band at 1030 nm was assigned to second overtone of N-H stretching. [21] The identification of the 1050 nm band seems to give realistic results since previous studies associated the behavior of cheese during thermal treatment (melting and softening) to the melting of fat and to the modification of protein-protein and protein-fat interactions. [23] Indeed, it has been reported that temperature increase (from 20 and 50 • C) induced at first fat liquefaction. Above 50 • C the structure of proteins chains loses its mechanical resistance and presented greater conformation mobility. Above 65 • C, casein started to aggregate upon heating, which represents a structural reorganization. [23] The best predictive models for WSN, DM, and fat were obtained after excitation at 700, 700, and 645 nm, respectively. The R 2 cv ≥ 0.60 and RPD ≥ 1.60 values for WSN and fat suggested that those models can be used to distinguish samples with high and low values. While the predictive parameters of DM (R 2 cv = 0.35 and RPD = 1.24) indicated that this model is not usable for prediction. [24] As far as the authors know, no study investigated the use of the VIS excitation LED or image texture analysis to quantify the WSN, DM, and fat content of cheese. Nonetheless, different studies have been conducted by VIS and VIS-NIR classical spectroscopies to predict fat and protein contents in milk. [1, 25, 26] Bogomolv et al. [26] identified the 600-700 nm wavelength range as optimal region for prediction of milk fat (R 2 = 0.955 and RMSECV = 0.061) and protein (R 2 = 0.915 and RMSECV = 0.05) contents. While, Tsenkova et al. [25] and Kawasaki et al. [1] identified the 600-1100 nm range as the best predictive region for fat (R 2 = 0.95 and RMSEP = 0.25) and protein (R 2 = 0.72 and RMSEP = 0.15) contents. The cheese DM is highly correlated to its fat and WSN contents as presented in Fig. 1b . Similar positive correlation was reported by Lucas et al. [27] between fat and DM (R = 0.94) for French cheeses. This could explain why the 645-700 nm bands are the best predictive ones for those three physicochemical parameters.
The higher values of R 2 cv and RPD for Ca 2+ , Cl − , Na + , Ash, and pH were obtained with the 470 nm excitation band (Table 6 ). Within the visible range, the absorption band at 462 nm was previously assigned to riboflavin, [17, 28] NADH/FADH in milk, [28] and Maillard reaction products. [29] This band was also assigned to carotenoids, known to have strong absorption in this spectral region. [30] Up-to-date, the molecules that cause changes in this spectral region of cheeses are not clearly identified. Good models, usable for approximate quantitative prediction, were obtained for Ca 2+ (R 2 cv = 0.77 and RPD = 2.08) and Cl − (R 2 cv = 0.76 and RPD = 2.05). While poor predictive ones, not usable for prediction, were obtained for Na + (R 2 cv = 0.60 and RPD = 1.57), pH (R 2 cv = 0.51 and RPD = 1.42), and Ash (R 2 cv = 0.50 and RPD = 1.41). For Ca 2+ , previous studies on fresh cheese samples investigated by classical VIS-NIR spectroscopy permits to obtain a very good predictive model with R 2 cv = 0.95 and RPD = 4.56. [27] While the R 2 cv and RPD values obtained for ash (R 2 cv = 0.50 and RPD = 1.41, LV = 7) were better than those reported by Abbas et al. [7] using synchronous fluorescence spectra recorded between 250 and 500 nm (R 2 cv = 0.65, RPD = 1.68, LV = 14). To the best of the authors knowledge, no study was conducted on the potential of spectroscopy to predict Na + and Cl − . All the studies focused on predicting NaCl content of cheeses. [27, 31] The best predictive results were obtained by Lucas et al. [27] with classical near infrared spectroscopy (R 2 cv = 0.83, RPD = 2.45, LV = 7). The results seemed promising based on the RPD and R 2 cv values especially for Na + (Table 6 ). This mineral deserves a special attention worldwide due to its effect on human health. In France, the National Study of Individual Food Consumption 2 (INCA 2, 2006-2007) conducted by the French Agency for Food Safety (EFSSA), noted that cheese consumption represents about 7% of the contribution of salt daily intake. Predicting rapidly the Na + of cheese product would be a good way for the dairy companies to monitor and control the cheese salt concentrations during processing and by the way its impact on the human health. The prediction of the cheese pH is of great importance since it affects the texture of curd directly by influencing the solubility of the caseins and indirectly the texture and flavor of cheese by affecting the activity of enzymes important to ripening and, in the case of the coagulant, the retention of enzyme in the curd during manufacture. Thus, monitoring this factor is very crucial for cheese plants such that different studies evaluated the potential of spectral methods (Vis/Near infrared and fluorescence spectroscopies) to predict the pH value of cheeses. [7, 27, 32] Unfortunately those researches confirmed our present results: quantitative measurement of pH is not supported by spectral methodologies. Nonetheless, the cross-validation results obtained in the present study are slightly better than those presented by Karoui et al. [32] (e.g., pH: R 2 cv = 0.43; RPD = 1.32; LV = 8) and worse than those presented by Lucas et al. [27] (e.g., pH: R 2 cv = 0.77; RPD = 2; LV = 10). Those differences are probably due to the difference in cheeses brands and to the difference in the pH ranges. The cheese population studied presented a pH ranging from 5.49 to 5.95 and 5 to 6.39 in Karoui et al. and Lucas et al. studies, respectively. While a pH ranging from 5.20 to 6.45 was noted in the present work.
Considering the position of the ash, Cl − , Na +, and pH variables in the Fig. 1b , it can be assumed that those chemical parameters are positively correlated. While the Ca 2+ content is negatively correlated to those four chemical parameters. Those results are consistent with previous observations on blue cheeses (not published).
This could explain why the same excitation wavelength band (470 nm) permits to obtain the best predictive models. The highest R 2 cv and RPD factors for phosphorus (R 2 cv = 0.49 and RPD = 1.40) and TN (R 2 cv = 0.42 and RPD = 1.31) indicated that those models are not suitable for prediction. Those models were obtained with the 970 and 940 nm excitation bands assigned to the second overtone bond vibration of water and protein in milk. [1, 25, 33] The predictive results for TN are worse than those reported in other studies conducted by classical NIR spectroscopy on cheese. For example, Karoui et al. [31] obtained higher R 2 (= 0.82) and RPD (= 2.34) values with a small LV (= 7) but in the 1000-2500 nm spectral range for Emmental cheeses. One explanation of the poor predictive results obtained in the present study can be the low variation in the value of TN in the investigated cheeses. Thus, a higher number of cheese samples presenting large variation in the TN should be investigated in light of these findings.
The analysis of co-occurrence features coupled with chemometrics gives encouraging results for the prediction of fat, Ca 2+ , Cl − , Na + , and WSN contents (R 2 cv ≥ 0.60; RPD ≥ 1.57; LV ≤ 9) and to the SP and DP (R 2 cv ≥ 0.79; RPD ≥ 2.18; LV ≤ 7) of blue cheeses. This could suggest that the image texture of cheese is strongly related to both physicochemical and structure properties. Indeed, calcium content in cheese has been recognized as an important parameter for determining cheese texture [34] since it contributes largely in the formation of coagulum and for consequent cheese. The SP and DP values can be considered as a result of the combination of both the concentration and interaction of the different components present in cheese which could explain the good prediction of these two parameters. The SP and DP parameters depends of fat, proteolysis (WSN), Ca 2+ , and Cl − as pointed out by others. [35, 36] For example, the higher the concentration of fat in cheese, the lower cheese rigidity [23] and cheese SP. [35] The results obtained from the present study suggested that image texture took into account the physicochemical composition, rheological, and structure properties.
CONCLUSION
This preliminary study demonstrated the potential of multispectral image analyzer to characterize heterogeneous and anisotropic matrix such as Blue and Fourme cheese samples. This study gives encouraging results, indeed multispectral imaging system applied to anisotropic blue cheeses succeeded in two points. The first one in discriminating cheeses based on their blue veins features in spite of the visual similarity of their structure and appearance suggesting that blue veins features contain useful information for cheese discrimination.
The second one in predicting Ca 2+ , Cl − , WSN, DP, and SP of cheeses based on the co-occurrence features that cheese image texture is not independent of cheese physicochemical composition and thermal behavior.
Those results are very promising since accurate classification of cheeses and prediction of chemical composition are critical criteria for pricing, authentication, and categorization of dairy products. Nonetheless, in order to obtain reliable predictive models, a more complete calibration and validation phases (with a large number of samples) will be necessary. Moreover, it will be interesting to test the potential of the combination of the 19 LEDs to predict the physicochemical characteristics of cheeses by using N-Way methods (e.g., N-PLS). Finally, it is reasonable to expect that as an analytical technique, multispectral imagery combined with chemometrics will offer a rapid and relatively inexpensive method for monitoring cheese quality and identity. Indeed, the fundamental possibility to perform cheese composition analysis in the Vis/short wavelength NIR region up to 1050 nm is of great practical importance. It paves the way for the application of price-effective detectors (e.g., MMS or silicon CCD chip technology), optics, and light-guiding materials.
